Multidisciplinary design optimization has become a powerful technique to facilitate continuous improvement of complex and multidisciplinary products. Parametric modeling is an essential part with tremendous impact on the flexibility and robustness of multidisciplinary design optimization. This article investigates the effect of relational and non-relational parameterization techniques on the robustness and flexibility of the conceptual design of a multidisciplinary product. Bench marking between relational and non-relational parameterization and their effect on flexibility and robustness indicate that the relational parameterization is an efficient method in the multidisciplinary design optimization process. The inherent properties of the method contribute to an efficient parametric modeling with improved communication between different disciplines. This enhances the performance of the multidisciplinary design optimization process and allows a more flexible and robust design. The considered disciplines are computer-aided design, computational fluid dynamics, finite element analysis, and dynamic simulation. A high-fidelity geometry created in a computer-aided design environment is computer-aided design centric approach and later used in computational fluid dynamics, finite element analysis for a better understanding of the product as it leads to precise outcomes. The proposed approach is implemented for the conceptual design of a novel product, a tidal power plant developed by Minesto AB using a multidisciplinary design optimization process.
Introduction
A parametric geometry primarily explores possible design alterations of a product under consideration. The parametric modeling history, development aspects, and classification are enumerated by Shah 1 and Davis.
software are either built-up based on non-uniform rational B-splines (NURBS) or support parametric modeling. [3] [4] [5] Parametric modeling is an essential part of an multidisciplinary design optimization (MDO) process and gradually becoming the industry standard, in particular for design and modeling of mechanical components. A well-defined geometry can have a number of parameters, which affects the conciseness, flexibility, and robustness of the model. 6 Many studies have indicated the rewards and implementation of this methodology. [7] [8] [9] [10] [11] [12] [13] [14] Involvement of multiple disciplines in a complex product increases the intricacy of the MDO process and also the required resources such as computational time. 15 A low-fidelity analysis may offer a quick guesstimate of the product under consideration, but, for more detailed investigations and better understanding of the product use of high-fidelity models is inevitable. In an MDO process, the geometrical description and related parameters, often created in computer-aided design (CAD) software, are exported to other software for analysis of other relevant disciplines involved, for example, computational fluid dynamics (CFD) or finite element analysis (FEA). A seamless flow in the process should be considered while using a parametric model of the complete product. Most off-the-shelf tools for CAD, CFD, and FEA can exchange geometry in CAD-neutral formats (e.g. STEP, STL, IGES, etc.). Gujarathi and Ma 16 present the integration using a common data model (CDM) for CAD and computeraided engineering (CAE): the CDM holds the parametric data and information for design and analysis. The parametric data and information are consistent, modifiable and shared by all the disciplines involved in the optimization process. 17 Furthermore, CAD system is essential to fulfill requirements such as consistent parameterization, shape and compact set of design variables, smooth geometry, and setup time.
The common parametric systems based on user's perspective are propagation-based system and constraint-based system. In the former system, the unknowns are calculated from known values, whereas in the latter, sets of continuous and discrete constraints are solved. 18 Several other parametric systems such as the graph-based approach, the logic-based approach, algebraic methods, and so on are presented by Hoffmann and Joan-Arinyo 19 with a broad investigation. The propagation-based system, the subject of this study, can be classified as non-relational and relational parameters. The non-relational parameters refer to the parameters used to create the parametric model without any correlation between the parameters. For relational parameters, the key parameters are correlated by formulas to create dependent parameters while reducing the total number of input parameters. These parametric modeling approaches have great impact on the MDO process when a CAD-centric method is used. A CAD-centric method depends predominantly on the CAD/geometry model and the models/values are later used in CFD, FEA, dynamic simulation, and optimization, 20, 21 any changes made to the model propagate directly to other disciplines and drive the entire process.
The main contribution of this article is investigating the impact of relational and non-relational parametric modeling in the conceptual design of a complex product through an MDO process when a CAD-centric approach is to be used. In MDO literature, processes involving CAD-centric methods use either relational or non-relational parameterization, 15, 18, 22 while ignoring the impact of either method on the MDO process and its efficiency. In particular, the impact of these methods when applied to novel complex products such as tidal power plant developed by Minesto AB has not been addressed earlier. Thus, this article proposes an MDO process that will benefit using relational design and shows how this parametric modeling approach influences due to improved flexibility and robustness. Since parametric modeling has a high impact on the performance of the MDO process, 17, 20, 21 the response of these two measures has an inherent reflection on the efficiency of the entire MDO process. Thus, improved robustness and flexibility should infer improving the performance of the MDO process. All the disciplines (CAD, CFD, FEA, dynamic simulation, and optimization) that are involved in the power plant design have been incorporated in this article to obtain a complete computational MDO approach.
Methods
The design research methodology introduced by Blessing and Chakrabarti 23 is used as a foundation for this study, further complemented with measures of effective parameterization on model robustness and flexibility. As illustrated in Figure 1 , the process has four main steps:
Research criteria: to identify the research criteria and some measurement factors that can be analyzed during the process. The aim of this study is to measure the effectiveness of relational and non-relational parameterization on both single discipline (geometry) and multidisciplinary designs. The measurement factors in this work are robustness and flexibility. Flexibility and robustness of geometry have a direct impact on the efficiency of a CAD-centric MDO framework. Therefore, they can indirectly be considered a metric to measure the robustness of an MDO framework.
Descriptive Study 1 (DS1): to analyze the problem with respect to measurement criteria. In this study, the CAD model with non-relational parameters is developed and analyzed in a parametric design approach with respect to design flexibility and robustness. Prescriptive Study 1 (PS1): it is defined to develop a method to solve the identified problem. At this stage, the relational parameters are developed and investigated with respect to research criteria. Descriptive Study 2 (DS2): to apply the method on the problem and analyze the result to improve the method or problem definition. In this stage of the design, the relational parameters are bench-marked with non-relational parameters and respective influence on the developed MDO framework. The results are compared with the outcomes explained in DS1 and PS1 (feedback 1 and 2).
Case study and technical implementation
The Deep Green's concept is a tidal power plant introduced by Minesto AB to convert renewable energy from tidal and ocean currents into electricity. The Deep Green concept consists of a wing, a turbine, a nacelle, a rudder, a strut system, tether, and control system. 24 The lift force created on the wing due to water flow will push the kite forward. This helps the product to follow a figure of eight trajectory controlled by the rudder. Hence, the kite can reach a speed of approximately 10 times higher than the tidal velocity. The kite's movement enables an intake flow that passes through the turbine and generator to produce electricity. The turbine and nacelle systems are the main and challenging parts of the product which are designed and optimized in this study (Figure 2 ).
The main disciplines involved in this work are CAD, CFD, FEA, and dynamic simulation. The optimization flowchart, illustrated in Figure 3 , shows the flow of information to calculate the objectives and constraints among various disciplines. As mentioned earlier, a CAD-centric approach is used to build the MDO framework. In this approach, CAD plays an important role as an initiator of the process by supporting other disciplinary models by providing either geometry or mass properties. First, the turbine geometry is updated from the overall dimensions and transferred to CFD and FEA along with the boundary conditions for the fluid and structural analysis. The pressure loads obtained in the CFD are later transferred to FEA. The structural analysis provides two constraints: maximum deflection and maximum stress. The geometry model also provides the inertia to the dynamic model and weight as an objective for the optimization. The power is obtained from the dynamic simulation and is used as a second objective in the optimization.
CAD geometry
A CAD model plays a dominant role in any novel design process as it contains the geometry data needed later for various investigations. Weight is one of the objectives of this study directly provided by a CAD model. The CAD model also provides the geometry needed for CFD and FEA. A fully parameterized CAD model with less geometrical complexity of the internal components (stator, rotor, and generator) is therefore created. Figure 4 represents the main components in the turbine and illustrates the model generated in two stages.
In the first stage, the overall geometry is designed based on the main input parameters (shown in Figure 6 ) and output parameters (e.g. total mass). The result is illustrated in Figure 4 . In the second stage, the practical details are added to the model to facilitate a smooth transition of the geometry to CFD, FEA, and output parameters as the mass properties to the dynamic model and the optimization. The result is a CAD model that can provide the computational domain directly for CFD analysis and FEA (Figure 4 ). This speeds up the process by eliminating the geometric design of domains in simulation tools.
The CAD model is built up in CATIA Ò using a topdown approach and all the components of the model are created and connected using relations (equations, formulas, rules, constraints). 15, 18, 22, 25 The model is simplified and only the stator, rotor, and generator are considered to transfer for CFD and rotor blade geometry for FEA. To facilitate and speed up the integration process, the model is created by considering the periodicity and can be automatically controlled by changing some parameters, for example, number stator or rotor blades.
Design parameterization. The geometry features are carefully correlated such that any change in a value of the parameters updates the geometry successfully. 15 The type and number of parameters are two important factors in updating the geometry successfully. The following session enlightens the parameterization implementation in this work and reduction of parameters by testing different approaches for creating the same cross-section. Figure 5 demonstrates three alternative approaches used to design simple to more complicated cross-sectional geometries. The circle in Figure  5 (a) is defined on a given plane with only one parameter for the radius and has the freedom to create circular designs of the required diameter. The approaches in Figure 5 (b) and (c) intricate cross sections using Bezier curves. 25, 26 The problem with excessive parameter usage for Bezier cubic curves is described by Hoffmann and Kim. 27 In the early design stage, conic and Bezier curves are used and the geometry leads to an over-parametric model. However, the design requirement, that is, a circular shape for the turbine, and the motivation to reduce the number of parameters, and design simplicity encouraged the use of a circle for the turbine design.
The relational parameters in the design of each component of the tidal power plant are described in Figure 6 . In a non-relational parameters scenario, each dimension in Figure 6 is considered a parameter. A parametric approach offers geometry entities created using National Advisory Committee for Aeronautics (NACA) airfoils for turbine blade or wing-like section, 28, 29 and provide a wide range of airfoils with minimum parameters. Blade design for both stator and rotor uses NACA-4 series airfoils. The airfoil has three parameters for the design, namely camber, thickness, and camber position. In this context, however, the challenge is the blade design, where the root and tip of the blades may have different airfoils and the geometry has to be updated without fail when the blade is twisted.
The main parameters for the tidal power plant are as follows:
Stator: inlet diameter, outlet diameter, length, nose length, airfoil camber, camber position, and thickness. Rotor: shaft length, shaft diameter, and rotor length and the stator supplies remaining geometrical parameters. The stator blade has airfoil camber, camber position, thickness, and twist for both upper and lower airfoil as parameters. Generator: the two parameters that drive the geometry are generator length and diameter. The remaining stator parameters are inherited.
Fluid and structural analysis
Integration of CFD-FEA disciplines into an MDO process constitutes one of the challenging parts. The aforementioned is by virtue of the inherent complexities associated with different elements of the CFD-FEA chain including CAD modeling and meshing, solution strategy, boundary conditions, and post-processing. Moreover, these disciplines often require resources such as domain expertise, computational effort, and software licenses.
The initial element of this chain is CAD modeling. The complexity level of the CAD model has a great impact on the entire chain, both on its success and also expense. This is of crucial importance in particular when parametric models should be used, for example, in an MDO processes. For instance, the computational mesh can suffer from significant changes in the model (with sharp corners, curvature, etc.) and lead to failure of the process. A further example is simplifying the CAD models such that symmetric or periodic boundaries can be imposed that have a significant effect in reducing computational expenses.
The CFD-FEA chain in the current MDO process is shown in Figure 7 . The commercial program ANSYS Ò30 is used for the entire CFD-FEA chain. Pressure forces on the turbine blade from the CFD analysis are transferred to the structural analysis. The CAD program, CATIA, communicates with ANSYS through the third party program CADNexus 31 As depicted in Figure 7 , the CFD domain includes one blade count and the rotational periodic boundary condition has been used.
The steps involved in fluid and structural analysis shown in Figure 7 are as follows:
Step 1: includes CAD cleaning, consistent definition of the surface boundary, and imported parameters.
Step 2: comprises of local mesh refinement, near-wall boundary mesh, and volume mesh generation.
Step 3: solver set up, defining boundary conditions, convergence criterion, choice of turbulence modeling, etc.
Step 4: detail post-processing and pressure load on rotating components.
Step 5: includes solid model CAD cleaning, boundary conditions, and imposing fluid forces from CFD analysis.
Step 6: static structural analysis and postprocessing of maximal stresses and deformation and moment reaction to be sent to the optimization process.
To allow more flexibility and faster execution, tetrahedral type of elements was chosen for both fluid and solid domains. The CFD domain consists of 6.5 million elements and the near-wall region uses seven prism layers to more appropriately capture the flow in these areas. This resulted in a maximum and surface weighted average y + of about 120 and 72, respectively. It should be noted that to obtain desirable mesh refinement in areas of interest, for instance near the leading edge and trailing edges, local refinement has been established using face and body sizing capabilities in Ansys CFX meshing. The generated mesh satisfies quality criterion required to establish a valid mesh for CFD calculations and the general mesh quality is higher than 0.1 ( Figure  8 ).
The steady-state simulations were performed using finite volume-based commercial solver in ANSYS CFX. The solver utilizes the conservation of mass and momentum equations, that is, Navier-Stokes equations, for three-dimensional (3D) fluid flow problem (equation (1)). For an unsteady and incompressible fluid, the set of non-linear equations to be solved take the form of
In equation (1), r and m represent the fluid density and kinematic viscosity, respectively. P is referred to as the local thermodynamic pressure, g is the acceleration of gravity and the components of velocity are indicated as v x ; v y ; and v z . The normal stresses and shear stresses correspond to the terms involving the divergence of the velocity field and the terms multiplied by the partial derivatives.
The simulations are performed as isothermal, that is, no heat transfer. Water with constant properties was used as the fluid, whereas the operating pressure was set to about 10 atmospheres corresponding to a water depth of 50 m. The Reynolds Average Navier-Stokes (RANS) turbulence model used in this study was the turbulence model. 32 This model uses two transport equations for the turbulence kinetic energy and the specific dissipation rate and blends effectively the kÀv formulation for the near-wall region with the kÀe. This model has so far provided accurate and reliable results for a wide class of flows including adverse pressure gradient flows, flows over airfoils, and transonic shock waves and is among industry standard turbulence models in particularly within the field of turbomachinery. The near-wall treatment is performed using automatic wall function which switches from wall functions for regions with insufficient near-wall mesh to a lowReynolds wall formulation for regions with sufficient mesh resolution.
The discretization of equations for momentum and mass is performed using high-resolution scheme, whereas turbulence numeric utilizes first-order discretization. Inlet boundary uses the velocity of 10 m/s (corresponding to an average velocity measured for tidal power plant) and turbulent intensity of about 5%. The rotor blades use rotational velocity of 53 rad/s and the interface between stator and rotor uses the mixingplane method. This steady-state method has become the industry standard in turbomachinery considering its computational cost and accuracy. The high-resolution and first-order schemes were selected for advection scheme and turbulence numeric, respectively. The chosen convergence target was set to 5E24 and simulations were typically converged with less than 150 iterations ( Figure 9) . A typical computation was performed for about 20 min using a 12-core processor workstation.
The FEA is performed using ANSYS Static Structural. The structural loads of rotating blade stem into rotational speed and fluid force on the blade surface. The solid domain uses 250,000 tetrahedral elements to perform FEA simulations. Fluid forces are transformed directly from the CFD analysis and interpolated into the blade surface for structural analysis ( Figure 7 ). The rotational speed was set similar to the rotor velocity in the CFD which was 53 rad/s. The blade uses a fixed support at its connection to the shaft. The outputs from the analysis (maximum principal stress, total deformation, and moment reactions) are defined as output parameters to be active in the optimization process.
Dynamic simulation
The dynamic performance of a product is considered high-fidelity analysis and requires extensive knowledge about the product. Integrating a dynamic model in an MDO framework can therefore be a very challenging task since the model may require a set of inputs that is difficult to achieve in a conceptual design phase. The main intention of using dynamic simulation in the conceptual phase is to investigate the performance of various system architectures, subsystems, and components. Hence, it is desirable that the models provide information at both system and component level. In this study, the dynamic models are created using the bottom-up approach. This means that the modeling starts from a lower hierarchy, for example, components level. The components are later coupled to build the subsystems and systems. An object-oriented modeling approach is used to facilitate such a modeling process. 33 A simple asynchronous generator is used in this study to simulate the behavior of the Deep Green concept's generator (Figure 10) . The model requires the torque, generator type, and mass property of the generator shaft as the input parameters. In this work, the simulation models are developed in Dymola using the Modelica language. 34 Dymola provides a user-friendly environment to facilitate handling of model complexity and model evolution in the conceptual phase. The object-oriented features of Modelica help conceptual engineers to continuously improve the models through inheritance.
The dynamic model requires input parameters from other disciplines. Real values are used as the input parameters to the dynamic model. A simple asynchronous generator is used to simulate the behavior of the Deep Green concept's generator. The model requires the torque, generator type, and mass property of the rotor shaft of the generator as the input parameters and it calculates the generated power as an output.
Multidisciplinary design optimization
The concept of optimization is always defined as searching for the best design within a predefined design space defined by the design variable limits and the constraints. Complex products, however, are consisted of multidisciplinary product where various disciplines need to be tightly coupled together to represent the product. In particular, as shown in Figure 3 , various disciplines namely CAD, CFD, FEA, and dynamic simulation disciplines are taken into consideration in this study to represent the product. MDO is therefore defined to incorporate all relevant disciplines and their interaction simultaneously to find the optimum of the design under evaluation. Naturally, in a complex product, several conflicting objectives are often present and computed from the interaction between different disciplinary models. One example might be minimizing the weight of the Deep Green concept while maximizing the generated power, which turns the problem into a socalled multi-objective optimization (MOO) problem. 35, 36 Mathematical formulation of a multidisciplinary and multi-objectives problem can, therefore, be considered a concern and is extensively covered by many researchers. 12, [37] [38] [39] Another important concern in employing optimization in conceptual design is computational time. Surrogate models have been proven as beneficial tools to speed up the optimization process. 40, 41 There are several multidisciplinary approaches used to efficiently integrate several disciplines into a single design optimization environment. 37 The main three definitions are as follows:
Multidisciplinary design feasible (MDF): the disciplines are coupled directly via a solver, and the design variables are optimized simultaneously all at the top level. Individual design feasible (IDF): the disciplines do not have direct coupling between them. Instead, coupling variables are defined, added into the design variable, and handled by an optimizer. All at once (AAO): it is defined where all design parameters including and disciplinary outputs are controlled by the optimizer.
Perez et al. 42 present five MDO approaches with examples, comparative summary and conclude that MDF is the most accurate method; nevertheless, as complexity increases, the efficiency is reduced. In this work, MDF has been used to formulate the MDO. modeFRONTIER Ò43 has been used as solver and integrator to couple and control all design variables.
Problem formulation. The optimization problem is formulated according to equation (2), where the objective functions maximize the generated power and minimize the weight of the construction simultaneously min f 1 ðxÞ = weight min f 2 ðxÞ = power s:t:
The problem has two constraints: the maximum stress should be below the yield stress of the material and the strength of the product needs to be sufficiently high (low lateral deformation). The stress limit equals the yield strength of aluminum alloy with a safety factor of 4 and an acceptable value for lateral deformation is 0.2 cm. The constraints are meant to prevent the optimization from finding solutions that are too weak. The variables and their limits can be seen in Table 1 .
The first variable is generator type, which simply indicates the size of the generator from the CAD perspective. The geometry of the rotor blades is described with three variables: thickness, diameter, and angle (with respect to the incoming water flow). The geometry/shape of the stator is defined by two variables (thickness and angle). The last discrete variable is the number of blades. A multi-objective genetic algorithm (MOGA) is used as optimization algorithm due to its capability to handle MOO and problems with mixed and continuous variables. Furthermore, for coupling multidisciplinary models, it is hard to get reliable gradients from different simulation tools involved. Design space, robustness, and flexibility
The three measures that make a good parameterization are conciseness, robustness, and flexibility, as proposed by So´bester and Forrester. 6 Conciseness is defined as with several possible parametric geometries, the one with the smallest number of design variables should be chosen, all other features being equal. The design space increases with the number of parameters/design variables involved in the design and optimization of the product under consideration, so the geometry needs to be as concise as is feasible. To address the conciseness of the model, the number of parameters is limited/ reduced to a minimum by the use of relational design. Further description of the model's relational design is elaborated in section ''Results and discussion.''
Robustness is the ability to produce sensible shapes both geometrically and physically in a given design space and flexibility is the number of shapes the parametric geometry is capable of generating. The robustness and flexibility of the design are considered measurement factors in this study. Flexibility and robustness of geometry have a direct impact on the efficiency of a CAD-centric MDO framework. They are therefore indirectly considered a metric to measure the robustness of an MDO framework. The robustness and flexibility of the CAD model are calculated using equations (3) 
Results and discussion
To accomplish the investigation, design variables with uniform Latin Hypercube sampling with 1000 design of experiments (DOEs) are created to obtain moderately uniform distributed values for each parameter shown in Table 2 . The changes in the boundary values of ''Test 1'' and ''Test 2'' are 10% and 20%, respectively, with respect to the reference value except for stator angle. The same limits are assigned in all the test cases as it is a design criterion. In accordance with the research methodology presented in section ''Method,'' the following terms have been defined (Figure 1 ) and tested against the measure of robustness and flexibility:
Non-relational design (NRD): the parameters are independent and there is no relation between them. This approach is part of Descriptive Study 1 (DS1). Relational Design 1 (RD1): stator root chord and rotor root chord are given as a variable ratio of the rotor diameter, included in Prescriptive Study 1 (PS1). Relational Design 2 (RD2): stator root chord and rotor root chord are given as a variable ratio of rotor length and rotor length is moreover a fixed ratio (0.765) of rotor diameter, constituted to Descriptive Study 2 (DS2). Relational Design 3 (RD3): compared to RD2, the ratios of both stator root chord and rotor root chord are fixed in relation to rotor length.
As the values of rotor diameter are changed, it indirectly changes the value of the chords at a constant ratio at all times. This ensures that the overall lengths of all the components are always scaled with the defined ratios.
The robustness and flexibility have improved considerably as can be seen from Table 3 . The design space for NRD, RD1, and RD2 is unchanged. The values of stator root chord and rotor root chord are specified as ratios of rotor diameter in RD1 and rotor length in RD2 and RD3. Robustness and flexibility have improved on RD1 but not at an acceptable level. The risk of any two stator or rotor blades intersecting at high values of either angles or chords is rather high and it is also observed that most of the non-feasible designs are in this category. The higher value of rotor diameter than rotor length further escalated the design failures as the overall length of the chords exceeded rotor length. This indicates relatively poor design parameterization in the present scenario. However, to make the parametric model more concise, the rotor length is a given as a ratio of rotor diameter in RD2 and RD3. As a result, the robustness and flexibility have increased, the parameters are reduced in RD3 and this, in turn, reduced the design space. The robustness and flexibility are improved in RD3 compared to the other approaches. In a normal design scenario (Figure 6 ), the number of parameters for the geometry of the stator, rotor and generator are 9, 7, and 4, respectively. Using relations, the number of parameters is reduced by half to 4, 3, and 2 parameters. This resulted in a more efficient design and improved robustness. In addition to the above parameters, the stator has three parameters and the rotor has eight parameters for airfoil definition. Through relational design, the stator root chord and rotor root chord are given fixed ratios with respect to the rotor length and consequently, rotor length is a fixed ratio to rotor diameter. As the value of rotor diameter is changed, this alters the rotor length and in turn chords are updated. This leads to proportional and sensible designs and in turn reduces the CFD failures and increases the MDO's flexibility. 6 Furthermore, as discussed earlier, the computational cost of CFD calculations can be significantly reduced by means of periodic boundaries, that is, simulating only one blade count. Since these boundaries are a fraction of the domain and are influenced by geometrical parameters such as stator and rotor angles, a variation of one parameter without considering the other related parameters can lead to failure of the CAD model. In addition, under such circumstances, geometrical irregularities can be formed in the CFD computational domain, which can cause meshing failure even if a successful CAD is created. It is apparent that these circumstances reduce the flexibility of the MDO process by increasing the failure; using periodic boundary will thus become a pitfall instead of making the process more efficient.
The CFD and FEA models are directly dependent on the CAD model, as the geometry is needed to perform the fluid and structural analyses. It is therefore inferred that successful geometric updates lead to a fruitful CFD and FEA model. Models in the dynamic simulation are normally based on math and physics relations. These models are tightly coupled and the parameters are therefore primarily classified as relational parameters. However, the dynamic model in an MDO framework gets inputs from other models as real values. The values are either continuous, for example, mass properties of the turbine, or discrete, for example, generator type. The quality of the input data from other disciplines could thus affect the performance of a dynamic model. The error detection in a dynamic model is quite challenging due to a relatively broad design space and the type of inputs (real values). The interpretation of results requires extensive knowledge about the product's behavior, which is normally very limited in conceptual design. Any infeasibility in CAD and CFD could therefore indirectly affect the dynamic simulation performance and detecting such infeasibility requires extensive knowledge.
The optimization is run on a computer with 32 GB RAM and a 3.2 GHz processor. The MOGA algorithm is used with 100 generations with 50% probability of directional crossover and 10% probability of mutation. The optimization clock-time using actual models is around a week. However, the time is reduced to 4 h for optimization with meta-models. The optimization problem is challenging and many design points are reported as unfeasible designs. Figure 11 shows the trade-off between objectives (power and weight) with respect to various design points. As the optimization process progressed, the solution converged to better designs. Red points in Figure 11 show the design points that are generated and evaluated later in the optimization. Table 4 shows the comparison between a sample optimum design point versus the original design. The optimum design is the best compromise of the objectives which are selected based on the requirements, that is, all the design points on the Pareto front are optimum designs. Improvement in one objective is therefore penalized with a decline in another objective. The results show the importance of design parameters in altering the objective function. However, as shown in Figure 12 , the boundary of some of the design parameters such as stator thickness and stator angle is tightly selected. Figure 12 illustrates the probability density function and the history chart of the stator angle which reaches its maximum value for many design points. This confirms that the growth in the design space by releasing the parameters' boundaries (upper and lower bound) may result in improved objective function value and hopefully wiser concept.
The maximum stress as a constraint of optimization plays an important role in evaluating the design points and indicating unfeasible designs. However, as shown in Figure 13 , the lateral deformation constraint of optimization does not effectively influence the results. Figure 13 shows that the constraint is violated for few design points. Therefore, reconsideration is required, and an example of such reconsideration is to remove the FEA from the MDO framework. The max stress (effective constraint) may be calculated as part of the CFD analysis and the less effective constraint (max deformation) can be removed from the problem formulation; this may result in a faster optimization process.
Smoothness in design changes interpreted as flexibility and robustness of design can directly result in efficient optimization with less unfeasible points, fast iterations, and so on. An optimization result is presented in Figure 11 , with the intention of highlighting the high number of feasible design points and smoothness of optimization. The high number and consistency of feasible design points emphasize the high efficiency of optimization, which has never been achieved using non-relational parameterization.
Conclusion
The influence of relational and non-relation parameters in a CAD-centric approach applied to an MDO process is presented. The high-fidelity CAD model and eventually high-fidelity CFD and FEA in a conceptual design lead to precise outcomes. The complexity of geometry propagation from CAD to CFD and FEA requires further investigation. The robustness and flexibility of an MDO framework of a tidal power plant are improved by the use of relational parameters. The propagation-based system supported for a rapid design updates of the models and additionally the relational parameters improved the geometry updates successfully. Furthermore, with the support of relational parameters in a design space exploration, flexibility and robustness are increased and eventually an optimized product is achieved.
